Random bin-picking is a prominent, useful, and challenging industrial robotics application. However, many industrial and real-world objects are planar and have oriented surface points that are not sufficiently compact and discriminative for those methods using geometry information, especially depth discontinuities. This study solves the above-mentioned problems by proposing a novel and robust solution for random bin-picking for planar objects in a cluttered environment. Different from other research that has mainly focused on 3D information, this study first applies an instance segmentation-based deep learning approach using 2D image data for classifying and localizing the target object while generating a mask for each instance. The presented approach, moreover, serves as a pioneering method to extract 3D point cloud data based on 2D pixel values for building the appropriate coordinate system on the planar object plane. The experimental results showed that the proposed method reached an accuracy rate of 100% for classifying two-sided objects in the unseen dataset, and 3D appropriate pose prediction was highly effective, with average translation and rotation errors less than 0.23 cm and 2.26 • , respectively. Finally, the system success rate for picking up objects was over 99% at an average processing time of 0.9 s per step, fast enough for continuous robotic operation without interruption. This showed a promising higher successful pickup rate compared to previous approaches to random bin-picking problems. Successful implementation of the proposed approach for USB packs provides a solid basis for other planar objects in a cluttered environment. With remarkable precision and efficiency, this study shows significant commercialization potential.
Introduction
Industrial automation technology has been evolving for a long time and is constantly being improved to increase productivity and gradually reduce the need for direct human intervention. One of the fundamental goals of robotic research is to build a system that is smarter and more flexible and has the ability to work independently. Such a system would be able to completely replace people in the implementation of certain tasks, including those in the field of automated manufacturing. One of the main tasks in the production line that still requires human execution is random bin-picking, which includes observing and computing object poses [1] . A smart system can replace the manual labor required to interact with the surrounding environment. This means possessing the ability to understand the environment and address uncertain situations by taking appropriate action [2] . However, achieving satisfactory perceptual ability for a complete and optimal robot bin-picking system Supervised machine learning [20, 21] and recent techniques based on deep neural networks [22] have also been used for pattern recognition and pose estimation. RGB-D data are the common input in computer vision, including in machine learning techniques. Blum et al. [23] introduced a learned feature descriptor for object recognition using RGB-D images based on advances in the machine learning technique known as the convolutional k-means descriptor. One of the popular types of geometric data structures is the point cloud. In a recent study by Qi et al. [24] , their neural network could directly use point cloud data without transforming them into regular 3D voxel grids or image collections. This neural network is called PointNet and serves as the pioneer in this direction. However, PointNet lacks the ability to capture local structure information, leading to difficulties in recognizing fine-grained patterns and generalizability in complex scenes. An improved version of PointNet, which is known as PointNet++ [25] , solves the above bottleneck with the ability to learn deep point set features efficiently and robustly. Brachmann et al. [26] proposed an object pose estimation method for both textured and texture-less objects based on random forests. This method classifies each pixel as a continuous coordinate on a canonical body in a canonical pose before applying geometric refinement in the next stage. Brachmann et al. [27] continued to advance the 3D pose estimation technique to a new level using only a single RGB image. Employing the same approach, Do et al. [28] recently predicted object poses by extending instance segmentation networks with a novel pose estimation branch to directly regress 6D object poses without any postrefinements. This is sufficiently accurate and quick for robotics applications.
In addition to studies focusing on estimating object poses, a few studies have also focused on complete random bin-picking systems. CAD-based pose estimation is one of the most popular approaches to solving random bin-picking problems. Liu et al. [2] proposed a CAD-based method for successfully creating a practical vision-based bin-picking robotic system capable of detecting and estimating the pose of an object before performing error detection and pose correction while the part is in the gripper. In this approach, a multiflash camera is used to extract robust depth edges. The overall detection rate was reported to be 95% with a grasping success rate of 94% and a processing time of approximately 1.9 s per object. The CAD model with an RGB-D camera is a strong combination for solving random bin-picking problems [29, 30] in which multiple objects are presented in a cluttered environment. Wu et al. [29] proposed a system using a Kinect RGB-D sensor that achieved a 93.9% average recognition rate of three different types of objects and could pick up the object with a success rate of 89.7%. This is a method used to reduce the number of 3D point cloud candidates, while another filter was designed to remove less accurate matching and occluded poses to increase the success of the picking rate. Chen et al. [30] used two depth cameras to acquire all of the necessary features of the objects and proposed a CAD-based multiview pose estimation algorithm with noise removal and an object segmentation module. A complete system was designed for the pick-and-place task based on structured light cameras, 3D pose estimation, and robot arm control.
As an alternative to the CAD-based model, 3D reconstruction can also be used for pose estimation. For instance, a vision system consisting of a camera and a laser projector placed on the arm to reconstruct the target object's 3D point cloud was introduced by Chang et al. [1] . This has potential applications in production lines. Few studies have utilized physical information concerning the object and surface as the main feature to create a robust system that can execute random bin-picking tasks. Martinez et al. [3] developed an automatic bin-picking system that provides a complete and robust solution. In their study, useful edge information was used for the recognition part, and 3D surface information was used to calculate the location of the object in the scene. Among the existing model-based approaches, one of the most successful 6D pose estimation methods is the point pair feature [31] , an integrated and compromised alternative to traditional local and global pipelines [32] . Vidal et al. [32] presented an improved method based on point pair features and an extension [5] for free-form rigid 6D pose estimation. A method based on a voting-based approach for pose estimation was proposed by Choi et al. [33] . This work extended the PPF for applying planar objects by using boundary points with directions and boundary line segments besides oriented surface points. Feature-based template matching has also been combined with machine learning and deep learning techniques. These approaches have produced encouraging results and have become a key research trend in recent years. Spenrath et al. [34] developed a method comprising several neural networks for heuristic search algorithms to reduce the calculation time and allow networks to learn from the properties of objects, increasing the likelihood of finding a good position from which to grasp the object. Lin et al. [4] recently published impressive results on visual object recognition and pose estimation based on deep semantic segmentation networks.
Given its crucial role in the fields of industrial manipulation, logistics classification, and household cleaning, random object picking that provides flexibility and high efficiency has attracted considerable attention [3] . However, it is difficult to find systems that can implement random bin-picking tasks for planar objects in a cluttered environment, especially thin objects. Regarding the physical structure of objects, planar objects seem to be considered simpler for random bin-picking tasks than free-form objects. Nevertheless, many industrial and real-world objects are planar items whose oriented surface points are not sufficiently compact and discriminative [33] . Thus, the methods that mainly use geometry information, especially depth discontinuities, cannot work well for planar objects.
Over the past few years, deep learning-based object recognition algorithms have shown very promising results in the field of robotic vision applications. Therefore, in this study, we utilized the pick-and-place task for planar objects in a cluttered environment, especially thin ones, by combining an instance segmentation-based deep learning approach with a novel method to predict the appropriate pose for picking up objects. This paper presents details of the entire system structure, along with its implementation and verification.
The paper presents a novel and robust random bin-picking system for planar objects, especially thin objects, which lack geometry information, in a cluttered environment. The complete system fully integrates a state-of-the-art instance segmentation network with a new method for building the appropriate coordinate system on the target object. In detail, the contribution of this work is a novel approach to a planar objects random bin-picking system. The proposed system inherits powerful object recognition from the initial stage. This method is a global solution with high efficiency to overcome the challenge of oriented surface points on planar objects, as above mentioned. In contrast to another approach, the proposed system initiates from 2D image data instead of 3D information. This approach does not mainly rely on depth discontinuities, which is crucial in other methods (e.g., the point pair feature approach [5, 31, 32] or CAD-based pose estimation approach [2, 29, 30] ). The successful implementation also demonstrated an effective technique to find correspondence between the RGB and depth image of the Kinect v2. In addition, the technique for taking the ground truth of the object with respect to the robot base serves as a pioneer method for evaluating the overall rotation and rotation accuracy of the whole system. To the best of our knowledge, the highest successful pick-up rate in the previous works for random bin-picking tasks was 98%. Our proposed system, nonetheless, achieved an overall successful pickup rate of over 99% at an average processing time of 0.9 s per step. This is fast enough for robotic continuous operation without interruption. This research thus shows impressive results in term of accuracy.
The remainder of this paper is organized as follows. Section 2 provides an overview of the vision equipment used in the research. It also presents a brief introduction to the image processing part and the prediction of six poses of the target objects before going on to consider the industrial manipulator for object picking. The proposed deep learning algorithm, including data creation, data augmentation, training, and testing, is introduced in Section 3. Section 4 discusses the proper 3D pose prediction in detail, and the experimental results for each module are presented and discussed in Section 5. Finally, conclusions and future work are discussed in Section 6.
System Architecture
One of the most intriguing and challenging industrial robotics applications is random bin-picking in a cluttered environment. This system is complicated because it is an autonomous system that Sensors 2019, 19, 3602 5 of 31 encompasses all integration and interactions among the visual perception system, robot operation, and control system. An independent system such as this that controls every situation can replace people in simple and complex tasks. A system performing such tasks requires a visual ability to observe objects in the scene before bringing this information to the processor. The information is processed in a manner that is similar to the analytical processing of the human brain, which orders limbs to perform tasks. Instead of people using limbs, this system uses different actuators to perform tasks depending on their complexity, such as simple mechanical mechanisms, parallel robots, or industrial manipulators.
In this novel automated system for a planar object approach, a depth sensor (Kinect v2, Microsoft Corporation, Redmond, WA, USA) is used to retrieve 2D information used for image processing and extract 3D information used to perform picking tasks at the final stage of each cycle. Here, 2D information is processed by a deep learning network to detect and locate the objects in a heavily cluttered environment before it is sent to the next module to predict the 3D pose of the objects. Finally, an industrial manipulator (Denso 6556, Denso Corporation, Kariya, Japan) is used to perform the actual task of picking up objects. The architecture of the proposed system is presented in Figure 1 .
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Kinect is an RGB-D sensor capable of simultaneously providing both an RGB color image and a depth image. Microsoft introduced the first version in 2010 as a game device for the Xbox 360 platform (Microsoft Corporation, Redmond, WA, USA). In 2012, a second version called "Kinect for Windows" or "Kinect v2" was released, not only for gaming but also for commercial use (primarily in the field of computer vision). Although the first version of the Kinect (v1) (Microsoft Corporation, Redmond, WA, USA) had poor RGB color image resolution (640 × 480 pixels), the new version (Kinect v2) provides very high RGB color image resolution (1920 × 1080 pixels). Table 1 shows details of the image resolution for both versions of the Kinect. This feature is extremely beneficial in enabling color image information to be used to implement image processing. Recently, Amit et al. [35] showed that 
Kinect is an RGB-D sensor capable of simultaneously providing both an RGB color image and a depth image. Microsoft introduced the first version in 2010 as a game device for the Xbox 360 platform (Microsoft Corporation, Redmond, WA, USA). In 2012, a second version called "Kinect for Windows" or "Kinect v2" was released, not only for gaming but also for commercial use (primarily in the field of computer vision). Although the first version of the Kinect (v1) (Microsoft Corporation, Redmond, WA, USA) had poor RGB color image resolution (640 × 480 pixels), the new version (Kinect v2) provides very high RGB color image resolution (1920 × 1080 pixels). Table 1 shows details of the image resolution for both versions of the Kinect. This feature is extremely beneficial in enabling color image information to be used to implement image processing. Recently, Amit et al. [35] showed that the Kinect v1 can be used for highly demanding precision operations and complex manufacturing tasks. In addition, many studies have also indicated that the second generation of Kinect sensors has advantages over the first version in terms of performance, accuracy, and a wider field of view (FOV) [36, 37] . These characteristics made the Kinect v2 sensor a good choice for the proposed method. However, any type of 3D camera with similar or better characteristics can be used. Any industrial 3D sensors that meet the initial conditions can replace Kinect v2 for better results. In this research, Kinect v2 was handily chosen to fulfill our overall approach. 
Recognition and Appropriate Pose Estimation
The proposed vision-based object detection and pose estimation algorithm consists of four main modules: data augmentation to create a common object in context (COCO) style dataset, visual perception, 3D pose estimation, and a target picking controller and actuator. The visual perception module, a deep neural network known as a semantic segmentation algorithm, is used to recognize the objects in a heavily cluttered environment. The quality of input training data used to optimize deep learning models is one of the major determinants of model quality. To build a model that works well in a cluttered environment with uncertain randomness, a module was added to the offline section so that it can easily create training data with the right format and enrich data under the control of a small dataset without creating any noise. Details of the proposed visual perception and data augmentation methods are presented in the implementation section.
Forcing the network to learn how to detect only the best objects-of-interest (OOIs) in a scene means the trained visual perception module is used in the online section to detect and recognize only the best OOIs at the pixel level. Another module, OOI data handling (OOI-DH), is used to handle all random and coarse data from the object recognition module. One of the challenges in this approach is mapping between 2D pixels in an RGB image to the same position in a depth image. We proposed that this could be achieved using a linear regression model: 3D information is then easily extracted using the libfreenect2 library. This 3D information is the basis for the next module, which estimates the appropriate 3D pose to pick up objects. In this estimation, a module takes the next step by determining the best target object handling (BTOH): this handles the entire procedure, selects only the best target, and prepares all of the information needed to predict the proper 3D pose for further steps. The final 3D pose prediction contains two parts, translation and rotation, which are estimated and optimized using two different approaches. The details of the proposed 3D pose estimation are discussed in Section 4. The final module is a six degrees of freedom industrial robot arm used to pick up objects in real scenarios based on the predicted object 3D pose. The aim of this study was to provide a complete bin-picking solution for industrial problems on planar objects: we discuss this in detail as follows and discuss its actual performance on our target picking controller.
Object Picking Controller
An industrial manipulator (Denso 6556) was used to operate the final step of the proposed autonomous system by picking up objects. This industrial manipulator is a small-sized, vertical articulated model with six degrees of freedom that drives the arms to assemble and transport workpieces with the motors. The end effector was unavailable. Therefore, for the picking task, a vacuum suction-type end effector was implemented. To achieve acceptable and smooth performance, the path planning step focused on checking the work area and the posture of the robot to ensure that all parameters were optimal before operation was planned in conjunction with safety handling.
Proposed Deep Learning Algorithm

Surpervised Learning Approach
One of the most popular directions in deep learning research is supervised learning, an algorithm that analyzes the training data and produces an inferred function that maps an input to an output based on example input-output pairs. The deep learning system consists of two main processes: offline and online. The system is trained in the offline section to build a complete model. The online process further utilizes this model to predict outputs. In this paper, the instance segmentation network is used for image processing, in which networks that show "perception" and "recognition" eventually give the system the ability to understand the environment and make inferences, thus allowing the manipulator to take appropriate action. In this study, due to the limited amount of data and hardware, we proposed using transfer learning [38] , which is a machine learning technique in which a model developed for a task is reused as the starting point for a new model for a different task.
Materials and Methods
This section describes the function of the data argument module used to create training and additional data and focuses specifically on the image processing part used to recognize the target object in each scene.
Dataset
One popular type of USB flash drive pack served as the target object of this research. Figure 2 shows both the front and back sides of the target object. The situation we hypothesized was similar to actual situations encountered in which there is only one type of object in the scene and the environment is random. Figure 3 presents the three different cases, all of which are similar to cases occurring in reality. the path planning step focused on checking the work area and the posture of the robot to ensure that all parameters were optimal before operation was planned in conjunction with safety handling.
Proposed Deep Learning Algorithm
Surpervised Learning Approach
Materials and Methods
Dataset
One popular type of USB flash drive pack served as the target object of this research. Figure 2 shows both the front and back sides of the target object. The situation we hypothesized was similar to actual situations encountered in which there is only one type of object in the scene and the environment is random. Figure 3 presents the three different cases, all of which are similar to cases occurring in reality. The first step in the procedure was to create the training section dataset. In 2014, Microsoft created a dataset called COCO [39] to help advance research on object recognition and scene understanding. COCO is one of the first large datasets to annotate objects with more than just square or rectangular boundary boxes, making it a useful benchmark to use when testing new object recognition models. Since then, the COCO format has been used to store annotations and has become standard. We therefore converted our dataset to follow this standard so that future research can easily replicate our work. We now introduce the proposed method of data augmentation, which aims to create training data and enrich data under the control of a small dataset without creating noise. To generate the dataset properly with the correct format, the first step was to write a Python script that would annotate the object inside the image. Although each object in the image created an annotated binary image, these were combined to show the similarities between the annotated image and the original image. Once all data were annotated, another Python script was used to handle all annotation formatting details and convert our data into a JavaScript Object Notation format. This kept all image IDs, category IDs, bounding boxes, areas, and image segmentation information in image pixel coordinates. A total of 153 real scenarios were considered and subsequently divided by the ratio 6:2:2 for training, validation, and testing, respectively. In consideration of the limitations of the dataset and to ensure reliable performance, sampling cross-validation was used as k-fold stratified random sampling with k = 5. The average performance was considered later. To enrich this dataset, the data augmentation module was added to make the training and validation set four times larger than the original dataset. Figure 4 shows the original image and three other versions after they had passed through the augmentation module. The first step in the procedure was to create the training section dataset. In 2014, Microsoft created a dataset called COCO [39] to help advance research on object recognition and scene understanding. COCO is one of the first large datasets to annotate objects with more than just square or rectangular boundary boxes, making it a useful benchmark to use when testing new object recognition models. Since then, the COCO format has been used to store annotations and has become standard. We therefore converted our dataset to follow this standard so that future research can easily replicate our work. We now introduce the proposed method of data augmentation, which aims to create training data and enrich data under the control of a small dataset without creating noise.
To generate the dataset properly with the correct format, the first step was to write a Python script that would annotate the object inside the image. Although each object in the image created an annotated binary image, these were combined to show the similarities between the annotated image and the original image. Once all data were annotated, another Python script was used to handle all annotation formatting details and convert our data into a JavaScript Object Notation format. This kept all image IDs, category IDs, bounding boxes, areas, and image segmentation information in image pixel coordinates. A total of 153 real scenarios were considered and subsequently divided by the ratio 6:2:2 for training, validation, and testing, respectively. In consideration of the limitations of the dataset and to ensure reliable performance, sampling cross-validation was used as k-fold stratified random sampling with k = 5. The average performance was considered later. To enrich this dataset, the data augmentation module was added to make the training and validation set four times larger than the original dataset. Figure 4 shows the original image and three other versions after they had passed through the augmentation module. With this amount of data, readers can refer to Table 2 to see how many objects were extracted and annotated based on the original images. The aim of this research was to help solve practical problems in the industry: therefore, the network must learn to detect the best OOIs in the scene. For this reason, the augmentation module was designed to enrich the data source but does not generate instances for both original images and annotated images without a full object in the scene. With this amount of data, readers can refer to Table 2 to see how many objects were extracted and annotated based on the original images. The aim of this research was to help solve practical problems in the industry: therefore, the network must learn to detect the best OOIs in the scene. For this reason, Sensors 2019, 19, 3602 9 of 31 the augmentation module was designed to enrich the data source but does not generate instances for both original images and annotated images without a full object in the scene. Table 2 . Number of front and back side instances in the dataset.
Front
Back Total
No. of Instances 458 387 845
Deep Learning Networks
CNNs (convolutional neural networks) have been the gold standard for image classification ever since Alex Krizhevsky, Geoff Hinton, and Ilya Sutskever won the ImageNet challenge in 2012. CNNs have now been improved to the point where they can outperform human beings on the ImageNet challenge [40] .
Although these results are impressive, the classification of images is much simpler than the complexity and diversity of true human visual understanding. Thus, the goal is to improve CNNs so that they not only conduct classification but also localize and create the mask for each instance. When exploring computer vision, learners may come across highly similar terms such as "object recognition", "class segmentation", and "object detection". This may be confusing at first; however, observing the functions that it can perform provides clarity. Figure 5 presents examples of the output information that the network can provide, with increasing task difficulty from left to right. The most difficult task, defined as "object instance segmentation", is for the network to automatically label all the shapes in an image and identify their location down to the pixel level. In this study, our approach was to select and use the most advantageous network that could perform "object instance segmentation" and output a high-quality segmentation mask for each instance in a heavily cluttered environment.
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Appropriate 3D Pose Estimation
In this section, we describe in detail how to predict the appropriate 3D pose for picking up the target in the scene. The results were later used to control an industrial robot arm responsible for picking the object. The output from the visual perception that contains information regarding all of 
In this section, we describe in detail how to predict the appropriate 3D pose for picking up the target in the scene. The results were later used to control an industrial robot arm responsible for picking the object. The output from the visual perception that contains information regarding all of the best OOIs in the scene was used as the input for this module. Figure 7 presents a flowchart of the proposed 3D pose estimation, which comprises two main parts: OOI-DH and 3D pose estimation. Data preprocessing is performed in the first step of OOI-DH and ultimately returns the center points of the objects. The next step is to map point to image depth coordinates from RGB image coordinates. These values are used to construct a 3D point, thereby allowing the system to determine the relative distance of the object from the camera. the best OOIs in the scene was used as the input for this module. Figure 7 presents a flowchart of the proposed 3D pose estimation, which comprises two main parts: OOI-DH and 3D pose estimation. Data preprocessing is performed in the first step of OOI-DH and ultimately returns the center points of the objects. The next step is to map point to image depth coordinates from RGB image coordinates. These values are used to construct a 3D point, thereby allowing the system to determine the relative distance of the object from the camera. The next step comprises processing to select the final target and collecting the required information on this target before estimating the appropriate 3D pose for picking the target object. Since the translation values can be reused from the previous step, only an appropriate coordinate system needs to be built. The system first collects sufficient points that are relatively close to the target point in 2D before mapping to the 3D environment. Based on the 3D information, a predicted plane is constructed using the plane segmentation method. Finally, an appropriate coordinate system is built based on the built plane. We enhanced the accuracy of the final translation results by using a linear regression model as a refinement method. It is sufficient to only determine the normal vector for the highest contact probability of the suction pad to pick up the object at the target point on the object's surface. Figure 8 describes an example of two possible coordinate systems on the target plane where the x'-y'-z' coordinate system is created by rotating the x-y-z coordinate system along the z axis at an α angle (α > 0). For picking up the object, both the coordinate systems are acceptable for calculating the final pose. A simple technique is used to simply define an appropriate rotation matrix. All translation and rotation information is transformed corresponding to the robot base's coordination. At this stage, the program is able to send execution commands to the robot to pick up objects. 
OOI Data Handling
Based on the results of the deep learning network, the system can easily determine the total number of instances in the prediction. It then needs to know exactly how many classes there are in the scene before separating this information into the same group if it belongs to the same class. The network only needs to retain the best results: therefore, the next step is to remove the bad objects and The next step comprises processing to select the final target and collecting the required information on this target before estimating the appropriate 3D pose for picking the target object. Since the translation values can be reused from the previous step, only an appropriate coordinate system needs to be built. The system first collects sufficient points that are relatively close to the target point in 2D before mapping to the 3D environment. Based on the 3D information, a predicted plane is constructed using the plane segmentation method. Finally, an appropriate coordinate system is built based on the built plane. We enhanced the accuracy of the final translation results by using a linear regression model as a refinement method. It is sufficient to only determine the normal vector for the highest contact probability of the suction pad to pick up the object at the target point on the object's surface. Figure 8 describes an example of two possible coordinate systems on the target plane where the x'-y'-z' coordinate system is created by rotating the x-y-z coordinate system along the z axis at an α angle (α > 0). For picking up the object, both the coordinate systems are acceptable for calculating the final pose. A simple technique is used to simply define an appropriate rotation matrix. All translation and rotation information is transformed corresponding to the robot base's coordination. At this stage, the program is able to send execution commands to the robot to pick up objects. the best OOIs in the scene was used as the input for this module. Figure 7 presents a flowchart of the proposed 3D pose estimation, which comprises two main parts: OOI-DH and 3D pose estimation. Data preprocessing is performed in the first step of OOI-DH and ultimately returns the center points of the objects. The next step is to map point to image depth coordinates from RGB image coordinates. These values are used to construct a 3D point, thereby allowing the system to determine the relative distance of the object from the camera. The next step comprises processing to select the final target and collecting the required information on this target before estimating the appropriate 3D pose for picking the target object. Since the translation values can be reused from the previous step, only an appropriate coordinate system needs to be built. The system first collects sufficient points that are relatively close to the target point in 2D before mapping to the 3D environment. Based on the 3D information, a predicted plane is constructed using the plane segmentation method. Finally, an appropriate coordinate system is built based on the built plane. We enhanced the accuracy of the final translation results by using a linear regression model as a refinement method. It is sufficient to only determine the normal vector for the highest contact probability of the suction pad to pick up the object at the target point on the object's surface. Figure 8 describes an example of two possible coordinate systems on the target plane where the x'-y'-z' coordinate system is created by rotating the x-y-z coordinate system along the z axis at an α angle (α > 0). For picking up the object, both the coordinate systems are acceptable for calculating the final pose. A simple technique is used to simply define an appropriate rotation matrix. All translation and rotation information is transformed corresponding to the robot base's coordination. At this stage, the program is able to send execution commands to the robot to pick up objects. 
Based on the results of the deep learning network, the system can easily determine the total number of instances in the prediction. It then needs to know exactly how many classes there are in the scene before separating this information into the same group if it belongs to the same class. The network only needs to retain the best results: therefore, the next step is to remove the bad objects and retain good objects that have a mask area that is higher than the lower threshold but lower than the 
Based on the results of the deep learning network, the system can easily determine the total number of instances in the prediction. It then needs to know exactly how many classes there are in the scene before separating this information into the same group if it belongs to the same class. The network only needs to retain the best results: therefore, the next step is to remove the bad objects and retain good objects that have a mask area that is higher than the lower threshold but lower than the upper threshold. Another filter is then set up to remove all components that have a confidence score lower than a fixed threshold before the system calculates the center of the remaining object.
Having obtained the object center information in the RGB color image coordinate, the next step is to find corresponding points in the depth image coordinates so that the system can later query the 3D information. As mentioned, Kinect v2 was selected as the 3D camera in this study. A recent study compared both versions of Kinect in terms of the RGB and IR FOV, which is not mentioned in the official product specifications [47] . In Figure 9 , the overlap between two types of Kinects in relation to the RGB view and IR view is presented. The difference between color image resolution and depth image resolution indicates that the calibration methods designed for Kinect v1 cannot be applied to Kinect v2. This is a common problem; however, very few studies have mentioned this issue, and we found only one study that focused on solving this problem [48] . In the aforementioned study, the authors corrected the radial distortion of the RGB camera and determined the transformation matrix for the correspondence between the RGB image and the Kinect v2 depth image. However, a rigorous analysis of the projection matrix in this study revealed that it is correct in certain cases and cannot be generalized when x ∈ [0, 1920] and y ∈ [0, 1080], where x and y denote the pixel values in the RGB color image coordinate. To overcome this limitation, we first verified the effect of the differences between the RGB view and the IR view. Figure 10 shows the results of an experiment in which we used libfreenect2 library on Kinect v2. The bottom-left image is the raw RGB color image, and the top-right image presents the results after registration and cropping (RGB with depth). Clearly, the RGB with depth images is the intersection between the raw RGB colors and IR images. Because the FOV is different between the color image and IR image, the color image is cropped on both sides to fit the FOV of the IR image. Readers can verify this easily by looking at Figure 10b ,c. Only the information inside the red box in the RGB color image appears inside the RGB image, with depth in the green box area. The upper and lower part of the RGB with depth is black, which means that there are no data because the FOV of the color image is smaller than the FOV of the IR image. After the calibration and cropping process, the real size of the RGB with a depth image was changed to 512 × 360 [48] . The original size of the color image was 1920 × 1080 and that of the IR image was 512 × 424. Because the FOV was different, we determined that the bottleneck of our entire system was a method for mapping from a point in the color image to the point that has the same relative position in the depth image. A new method was proposed to find the correspondence between the RGB and depth image of the Kinect v2 to solve this bottleneck. Figure 11 will make it easier to explain the mapping process. The red area represents the overlapped area between the FOV of the RGB camera and the FOV of the IR view. The color image is cut on the left and right side, while the height remains the same at 1080. The scaling ratio must be the same for both height and width. From all of these arguments, it is easy to figure out the scaling value:
where k denotes for the scaling value, h 1 denotes the height of the overlap view between the RGB and IR view (before scaling), and h 2 denotes the height of the RGB with depth (after scaling).
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where k denotes for the scaling value, ℎ denotes the height of the overlap view between the RGB and IR view (before scaling), and ℎ denotes the height of the RGB with depth (after scaling). Suppose that the point A ( , ) in the RGB image coordinates corresponds to the point A' ( , ) in the depth image. From Equation (2), the mapping function between the RGB color view and the IR view (depth image) presents as
As mentioned, a linear regression model was used to improve the mapping results. The 
The mapping values in the depth image coordinate form the basis for the BTOH module before the system starts to estimate the 3D pose of the object with respect to the coordinate of the camera. The first step taken by the BTOH is to extract the 3D information using the libfreenect2 library [49] , an open source for Kinect v2. Based on the depth value of each object, the system keeps the one with the shortest distance as the only target. In our study, the reference point for the back side of the object was in the middle. However, for the front, the target point in an asymmetrical image is the point with a fixed scale. To address this problem, we used a technique called feature matching and then found the perspective transformation to figure out the four corners of the objects, shown as points A, B, C, Suppose that the point A (x 1 , y 1 ) in the RGB image coordinates corresponds to the point A' (x 2 , y 2 ) in the depth image. From Equation (2), the mapping function between the RGB color view and the IR view (depth image) presents as
As mentioned, a linear regression model was used to improve the mapping results. The ∆ 1 and ∆ 2 are affected by the values of x 1 and y 1 in the RGB color pixel coordinate. Thus, a model to predict the offset pixel values of ∆ 1 and ∆ 2 was built using a sufficient amount of data as the input for training. The final results are shown in Equation (3) below:
The mapping values in the depth image coordinate form the basis for the BTOH module before the system starts to estimate the 3D pose of the object with respect to the coordinate of the camera. The first step taken by the BTOH is to extract the 3D information using the libfreenect2 library [49] , an open source for Kinect v2. Based on the depth value of each object, the system keeps the one with the shortest distance as the only target. In our study, the reference point for the back side of the object was in the middle. However, for the front, the target point in an asymmetrical image is the point with a fixed scale. To address this problem, we used a technique called feature matching and then found the perspective transformation to figure out the four corners of the objects, shown as points A, B, C, and D in Figure 12 . An image called a query image containing the object of interest is prepared to use the feature matching technique. The algorithm identifies the features inside the query image and the best matches of these features inside the target image. Two sets of points from both images are used to find the perspective transformation of the query image in the target one. In our setting, the four corners of the query image match the four corners of the object. From this, the orientation of the object in a 2D image coordinate can be observed. Finally, with a fixed ratio as a constant that can be calculated on the basis of the predefined position on the target object, we determined the final target position based on basic geometry and vector knowledge. For the final target in the RGB color coordinate, the system only maps and acquires 3D information (x, y, z) for the front side case. This procedure does not need to be repeated for the back side. and D in Figure 12 . An image called a query image containing the object of interest is prepared to use the feature matching technique. The algorithm identifies the features inside the query image and the best matches of these features inside the target image. Two sets of points from both images are used to find the perspective transformation of the query image in the target one. In our setting, the four corners of the query image match the four corners of the object. From this, the orientation of the object in a 2D image coordinate can be observed. Finally, with a fixed ratio as a constant that can be calculated on the basis of the predefined position on the target object, we determined the final target position based on basic geometry and vector knowledge. For the final target in the RGB color coordinate, the system only maps and acquires 3D information (x, y, z) for the front side case. This procedure does not need to be repeated for the back side. This technique also works for objects with a nonrectangular shape under a proper set-up. Figure  13 shows an example of a query image in an "L shape", with the red color point being the target position. Any destination point in the query image can be represented using vectors with fixed modules and directions starting from one of the four corner points (A or B or C or D). To represent the target point in Figure 13 , the two reference vectors ( ⃗ and ⃗ ) are first created from the original three corner points of the query image. Based on the reference vectors, ′ ⃗ and ′ ′ ⃗ are identified.
The ratios between the modules of ′ ⃗ and ⃗ and ′ ′ ⃗ and ⃗ are calculated for further location of the target points in the target image. Figure 14 shows the overall results of the proposed technique. The small image in the upper-left corner is the query image, while the large image is the target. The technique exactly matched some of the features in the query image to those of the target one, as shown by the green lines. These features in the target image in combination with the relative positions (as illustrated by the blue box) of the four corners of the query image help to identify the final target. This technique also works for objects with a nonrectangular shape under a proper set-up. Figure 13 shows an example of a query image in an "L shape", with the red color point being the target position. Any destination point in the query image can be represented using vectors with fixed modules and directions starting from one of the four corner points (A or B or C or D). To represent the target point in Figure 14 shows the overall results of the proposed technique. The small image in the upper-left corner is the query image, while the large image is the target. The technique exactly matched some of the features in the query image to those of the target one, as shown by the green lines. These features in the target image in combination with the relative positions (as illustrated by the blue box) of the four corners of the query image help to identify the final target. and D in Figure 12 . An image called a query image containing the object of interest is prepared to use the feature matching technique. The algorithm identifies the features inside the query image and the best matches of these features inside the target image. Two sets of points from both images are used to find the perspective transformation of the query image in the target one. In our setting, the four corners of the query image match the four corners of the object. From this, the orientation of the object in a 2D image coordinate can be observed. Finally, with a fixed ratio as a constant that can be calculated on the basis of the predefined position on the target object, we determined the final target position based on basic geometry and vector knowledge. For the final target in the RGB color coordinate, the system only maps and acquires 3D information (x, y, z) for the front side case. This procedure does not need to be repeated for the back side. This technique also works for objects with a nonrectangular shape under a proper set-up. Figure  13 shows an example of a query image in an "L shape", with the red color point being the target position. Any destination point in the query image can be represented using vectors with fixed modules and directions starting from one of the four corner points (A or B or C or D). To represent the target point in Figure 13 , the two reference vectors ( ⃗ and ⃗ ) are first created from the original three corner points of the query image. Based on the reference vectors, ′ ⃗ and ′ ′ ⃗ are identified.
The ratios between the modules of ′ ⃗ and ⃗ and ′ ′ ⃗ and ⃗ are calculated for further location of the target points in the target image. Figure 14 shows the overall results of the proposed technique. The small image in the upper-left corner is the query image, while the large image is the target. The technique exactly matched some of the features in the query image to those of the target one, as shown by the green lines. These features in the target image in combination with the relative positions (as illustrated by the blue box) of the four corners of the query image help to identify the final target. 
The Appropriate 3D Pose Estimation
To conduct the appropriate 3D pose estimation for picking up the objects, our approach was to find a method for building a proper coordinate system on the predicted plane. Because we had already obtained the translation values of the target point in the first step, the task was to create a rotation matrix at that point with respect to the coordinate of the camera. The linear regression model was used to refine this translation result, which later demonstrated impressive accuracy. The depth error of the two versions of the Kinect sensors is described as a function of the distance between the device and the object [50] . Here, the x coordinate and y coordinate corresponding to the image coordinates of a pixel are calculated based on the z coordinate [51] . Therefore, the final translation values are related to the image coordinates of pixel values. In this research, a linear regression model is used directly on the output of OOI-DH as a refinement technique. The final translation prediction results ( , , ) in millimeters are shown in Equation (4) 
To predict a rotation matrix for picking up objects, the system first builds a predicted plane using plane segmentation [52, 53] . After that, an appropriate coordination system is built on that predicted plane. Figure 15 shows the whole procedure step by step as follows:
•
Step 1. Determine the target point in the 2D RGB image. This step is done by OOI-DH module; •
Step 2. Collect sufficient relative points based on the target point in the 2D RGB image and choose the three key points, i.e., B, C, and D. B, C, and D are used to build the appropriate coordination system; •
Step 3. Map and acquire 3D information from the three sample points (B, C, and D) to create B', C', and D', respectively; 
The Appropriate 3D Pose Estimation
To conduct the appropriate 3D pose estimation for picking up the objects, our approach was to find a method for building a proper coordinate system on the predicted plane. Because we had already obtained the translation values of the target point in the first step, the task was to create a rotation matrix at that point with respect to the coordinate of the camera. The linear regression model was used to refine this translation result, which later demonstrated impressive accuracy. The depth error of the two versions of the Kinect sensors is described as a function of the distance between the device and the object [50] . Here, the x coordinate and y coordinate corresponding to the image coordinates of a pixel are calculated based on the z coordinate [51] . Therefore, the final translation values are related to the image coordinates of pixel values. In this research, a linear regression model is used directly on the output of OOI-DH as a refinement technique. The final translation prediction results (x pr , y pr , z pr ) in millimeters are shown in Equation (4) below:
x pr = 0.98966 × x − 0.01493 × y − 0.04134 × z + 12.07 y pr = 0.02155 × x + 0.99117 × y + 0.02561 × z + 16.69. z pr = 0.02105 × x + 0.01863 × y + 0.90290 × z + 5.30 (4) To predict a rotation matrix for picking up objects, the system first builds a predicted plane using plane segmentation [52, 53] . After that, an appropriate coordination system is built on that predicted plane. Figure 15 shows the whole procedure step by step as follows:
•
Step 2. Collect sufficient relative points based on the target point in the 2D RGB image and choose the three key points, i.e., B, C, and D. B, C, and D are used to build the appropriate coordination system;
Step 3. Map and acquire 3D information from the three sample points (B, C, and D) to create B', C', and D', respectively; •
Step 4. Create the predicted plane in 3D based on B', C', and D' using the plane segmentation method; •
Step 5. Use B', C', and D' to create the three new respective points B", C", and D" on the predicted plane by finding new z values while keeping the x coordinate and y coordinate unchanged; Step 9. Project the built coordination system on the camera coordination system to define the rotation matrix.
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Step 5. Use B', C', and D' to create the three new respective points B'', C'', and D'' on the predicted plane by finding new z values while keeping the x coordinate and y coordinate unchanged; •
Step 6. Create two vectors, ⃗ and ⃗ ;
Step 7. Generate a vector product ⃗ from ⃗ and ⃗ . The direction of the vector product must be considered for the robot motion to pick up objects; •
Step 8. Generate an additional vector product either using ⃗ and ⃗ or ⃗ and ⃗ to create a coordination system. The output system of this step can be either the Cartesian coordinate system ( ) or ( );
Step 9. Project the built coordination system on the camera coordination system to define the rotation matrix. Figure 15 . Procedure for building an appropriate coordinate system on the target object to create a rotation matrix with respect to the camera.
Finally, precise information on the pose of the object with respect to the camera's coordinate is obtained. This transformation of the object to the camera frame is presented as the homogeneous matrix ∈ 3).
Another transformation, ∈ 3), which specifies the relative position and rotation of the camera with respect to the robot pose, remains constant when the relative position of the camera is fixed with the industrial manipulator. This camera-to-robot transformation can be obtained by performing a calibration procedure known as hand-eye calibration, as described in References [54] [55] [56] [57] . Figure 16 shows all the relationships and matrix of the corresponding transformation. Once all of the relationships have been established, the final target, camera-to-robot transformation ∈ 3), can be calculated using Equation (5): = .
(5) Figure 15 . Procedure for building an appropriate coordinate system on the target object to create a rotation matrix with respect to the camera.
Finally, precise information on the pose of the object with respect to the camera's coordinate is obtained. This transformation of the object to the camera frame is presented as the homogeneous matrix C T O ∈ SE(3).
Another transformation, R T C ∈ SE(3), which specifies the relative position and rotation of the camera with respect to the robot pose, remains constant when the relative position of the camera is fixed with the industrial manipulator. This camera-to-robot transformation can be obtained by performing a calibration procedure known as hand-eye calibration, as described in References [54] [55] [56] [57] . Figure 16 shows all the relationships and matrix of the corresponding transformation. Once all of the relationships have been established, the final target, camera-to-robot transformation R T O ∈ SE(3), can be calculated using Equation (5): However, readers are recommended to follow the method [58] for obtaining a simple solution by computing Euler angles from a rotation matrix for robot operation.
Performance Evaluation of the Appropriate 3D Pose Estimation
The ground truth of the object with respect to the robot base is one of the most important elements used to evaluate the accuracy of the 3D pose estimation module. It is challenging to observe the absolute pose of the objects. We used an indirect way of obtaining the ground truth of a planar object in the 3D environment on our own target object. Since we start from the beginning, the proposed method was chosen to return the pose of the object with respect to the robot's base. This way can help to achieve a more objective result by eliminating the errors that are hard to measure during the process to obtain the ground truth using the transformation from the camera to the robot's base. This indirect way was used to show that the pose error attained with our method is small enough for a bin-picking system. Figure 17 illustrates the proposed platform to obtain the ground truth information. The original coordination of this platform, located at the center of the base, provides translation values and appropriate rotation information with respect to the robot base. The platform can rotate 360 degrees in the x-y plane, and the upper part can rotate from −85° to 85° in the z-x plane. Based on this design, the ground truth with respect to the robot is identified using the end effector as a tool to define the relative position between the base of the platform and the robot base. Because the equation can be established using forward kinematics equations, it is easy to calculate the respective six poses at the point on the plane where the target object is placed. Equation (6) shows the translation and rotation estimation errors of the proposed method, which are determined using a basic and effective method for measuring estimated errors: However, readers are recommended to follow the method [58] for obtaining a simple solution by computing Euler angles from a rotation matrix for robot operation.
The ground truth of the object with respect to the robot base is one of the most important elements used to evaluate the accuracy of the 3D pose estimation module. It is challenging to observe the absolute pose of the objects. We used an indirect way of obtaining the ground truth of a planar object in the 3D environment on our own target object. Since we start from the beginning, the proposed method was chosen to return the pose of the object with respect to the robot's base. This way can help to achieve a more objective result by eliminating the errors that are hard to measure during the process to obtain the ground truth using the transformation from the camera to the robot's base. This indirect way was used to show that the pose error attained with our method is small enough for a bin-picking system. Figure 17 illustrates the proposed platform to obtain the ground truth information. The original coordination of this platform, located at the center of the base, provides translation values and appropriate rotation information with respect to the robot base. However, readers are recommended to follow the method [58] for obtaining a simple solution by computing Euler angles from a rotation matrix for robot operation.
The ground truth of the object with respect to the robot base is one of the most important elements used to evaluate the accuracy of the 3D pose estimation module. It is challenging to observe the absolute pose of the objects. We used an indirect way of obtaining the ground truth of a planar object in the 3D environment on our own target object. Since we start from the beginning, the proposed method was chosen to return the pose of the object with respect to the robot's base. This way can help to achieve a more objective result by eliminating the errors that are hard to measure during the process to obtain the ground truth using the transformation from the camera to the robot's base. This indirect way was used to show that the pose error attained with our method is small enough for a bin-picking system. Figure 17 illustrates the proposed platform to obtain the ground truth information. The original coordination of this platform, located at the center of the base, provides translation values and appropriate rotation information with respect to the robot base. The platform can rotate 360 degrees in the x-y plane, and the upper part can rotate from −85° to 85° in the z-x plane. Based on this design, the ground truth with respect to the robot is identified using the end effector as a tool to define the relative position between the base of the platform and the robot base. Because the equation can be established using forward kinematics equations, it is easy to calculate the respective six poses at the point on the plane where the target object is placed. Equation (6) shows the translation and rotation estimation errors of the proposed method, which are determined using a basic and effective method for measuring estimated errors: The platform can rotate 360 degrees in the x-y plane, and the upper part can rotate from −85 • to 85 • in the z-x plane. Based on this design, the ground truth with respect to the robot is identified using the end effector as a tool to define the relative position between the base of the platform and the robot base. Because the equation can be established using forward kinematics equations, it is easy to calculate the respective six poses at the point on the plane where the target object is placed. Equation (6) shows the translation and rotation estimation errors of the proposed method, which are determined using a basic and effective method for measuring estimated errors:
In Equation (6), A = x, y, z denotes one of the three axes of the 3D Cartesian coordinate system. T A and R A represent the ground truth of the object's translation and rotation, andT A andR A represent the prediction of translation and rotation, respectively. Performance is evaluated on the basis of the mean absolute error (MAE) metric used by Lin et al. [4] , as presented in Equation (7):
where N represents the total test number and E = {T, R} denotes either the translation or rotation variable.
Experimental Results and Discussion
Image Processing Results
The network can fully train from scratch using a large number of datasets and strong hardware with a good minibatch image. Because we had a small dataset and mediocre hardware performance, we used the pretrained model. This model provided the initial values for all of the weights within the network, which was trained on the large COCO dataset in a synchronized 8-GPU implementation (0.72 s per 16-image minibatch) [41] .
Our model was trained on a single GTX1080Ti with only one image per GPU. The training was divided into two small parts with a total of 25 epochs. In the first 10 epochs, RPNs, the first step in the overall training process, were trained separately with an initial learning rate of 0.001 and without the use of MS COCO pretrained weights. At this stage, all of the layers of the backbone were frozen, and only the randomly initialized layers were trained. Because this was a small network and our own objects did not appear in the COCO dataset in the 80 total classes, we needed to retrain our model. Using pretrained weights as initialized values with the same learning rates, we trained all layers of the networks in subsequent stages after finishing training on the RPN. The training stopped after the 25th epoch had finished. Figure 18 , which provides basic information regarding the learning performance of the overall process, shows the loss graph for the training and validation process. This shows that the training loss decreased very rapidly in the first few epochs and continued to decrease until the last epoch. During this training time, the amount of loss in the validation set also decreased and almost converged after the 12th epoch until the training finished with a small fluctuation. After five runs, it was clear that there was no significant variation in training and testing performance. The difference between training and testing was almost constant, and the models all converged at epoch = 25. Thus, increasing the number of epochs led to an overfitting problem. This problem could be expressed as the training loss continuing to decrease while the testing loss began to increase with strong variation.
The model was then used in inference mode to run on the test dataset to check the accuracy of the model on the unseen data. Figure 19a ,c shows the ground truth of two cases, and the results of correspondence detection are shown in Figure 19b ,d, respectively. As shown in Figure 20 , the normalized confusion matrix further showed the model's classification accuracy on the test set. The result indicates that the model could successfully classify all objects. Figure 21 shows another successful prediction and creation of the mask for each instance. The final prediction gave us six instances, whereas the ground truth had only five instances, because we forced the network to only detect the full objects. The network still gave us the correct classification, and the final prediction for that instance was the front side of the object marked in the black box. The system could then be improved by using filters to remove less accurate predictions. The model was then used in inference mode to run on the test dataset to check the accuracy of the model on the unseen data. Figure 19a ,c shows the ground truth of two cases, and the results of correspondence detection are shown in Figure 19b ,d, respectively. As shown in Figure 20 , the normalized confusion matrix further showed the model's classification accuracy on the test set. The result indicates that the model could successfully classify all objects. Figure 21 shows another successful prediction and creation of the mask for each instance. The final prediction gave us six instances, whereas the ground truth had only five instances, because we forced the network to only detect the full objects. The network still gave us the correct classification, and the final prediction for that instance was the front side of the object marked in the black box. The system could then be improved by using filters to remove less accurate predictions. The model was then used in inference mode to run on the test dataset to check the accuracy of the model on the unseen data. Figure 19a ,c shows the ground truth of two cases, and the results of correspondence detection are shown in Figure 19b ,d, respectively. As shown in Figure 20 , the normalized confusion matrix further showed the model's classification accuracy on the test set. The result indicates that the model could successfully classify all objects. Figure 21 shows another successful prediction and creation of the mask for each instance. The final prediction gave us six instances, whereas the ground truth had only five instances, because we forced the network to only detect the full objects. The network still gave us the correct classification, and the final prediction for that instance was the front side of the object marked in the black box. The system could then be improved by using filters to remove less accurate predictions. In this study, both the accuracy of classification and locating the object's position in the image strongly affected the final result. For an overall assessment, the model was used to run the test set, the results of which are shown in Table 3 . It is evident that with typical IoU thresholds of 50% and 75%, identical results were obtained over five runs with 100% accuracy. In addition, the mean average accuracy with a threshold value from 0.5 to 0.95 at step size 0.05 demonstrated that the overall accuracy was 91.18%. This surpassed the state-of-the-art segmentation method. These reliable results provide a firm basis for implementing the next steps of the proposed method. 
The Appropriate Pose Estimation Performance
To make the entire process easy to follow, the real implementation is shown from the beginning. The process began with capturing the image using Kinect v2 as the first step in the inference mode. Figure 22a is an image captured by Kinect v2 that was later subjected to preprocessing to remove all In this study, both the accuracy of classification and locating the object's position in the image strongly affected the final result. For an overall assessment, the model was used to run the test set, the results of which are shown in Table 3 . It is evident that with typical IoU thresholds of 50% and 75%, identical results were obtained over five runs with 100% accuracy. In addition, the mean average accuracy with a threshold value from 0.5 to 0.95 at step size 0.05 demonstrated that the overall accuracy was 91.18%. This surpassed the state-of-the-art segmentation method. These reliable results provide a firm basis for implementing the next steps of the proposed method. 
To make the entire process easy to follow, the real implementation is shown from the beginning. The process began with capturing the image using Kinect v2 as the first step in the inference mode. Figure 22a is an image captured by Kinect v2 that was later subjected to preprocessing to remove all unnecessary information, as shown in Figure 22b . Although the results in the test set during the training process indicated that the model functioned extremely well, the results from the deep learning network were raw results that needed to be processed to achieve the highest efficiency.
supposed to be the value if it were a full object for calculating the percentage. Later, the system removed the output with a percentage value less than a predefined threshold. In the following discussion, the predefined threshold was set to be either 90% or 95%. Figure 24 further illustrates the results after removing unexpected outputs below the two aforementioned thresholds. In Figure 24a , five objects were retained for the following stages, whereas the results in Figure 24b retained only three objects. Following this stage, each center point was calculated on the basis of the object's bounding box. The five red points in Figure 25 denote the center points of the objects. In this case, the object with the larger blue point was the final target after considering the relative distance with respect to the camera. This result corresponded with Figure 24a . The next step was to map from the final target point on the RGB color image coordinate to the RGB with a depth image. The black point in the RGB with a depth image, shown in Figure 26 , was the result of blue point mapping, as displayed in Figure 25 . With normal vision, the mapping accuracy was determined to be favorable. The result indicated that the final target in this case was the back side. In Figure 27 , another example is presented in which the front side was the final target. The whole procedure in this case followed the method using a feature matching algorithm. Clearly, the mapping method worked in this case. Its performance is evaluated in the following section. Figure 23 presents raw output from the deep learning network. The network still detected the object with partial object occlusions. To tackle this problem, we calculated the mask area by counting the number of pixels belonging to one mask before dividing by the reference value what was supposed to be the value if it were a full object for calculating the percentage. Later, the system removed the output with a percentage value less than a predefined threshold. In the following discussion, the predefined threshold was set to be either 90% or 95%. Figure 24 further illustrates the results after removing unexpected outputs below the two aforementioned thresholds. In Figure 24a , five objects were retained for the following stages, whereas the results in Figure 24b retained only three objects. unnecessary information, as shown in Figure 22b . Although the results in the test set during the training process indicated that the model functioned extremely well, the results from the deep learning network were raw results that needed to be processed to achieve the highest efficiency. Figure 23 presents raw output from the deep learning network. The network still detected the object with partial object occlusions. To tackle this problem, we calculated the mask area by counting the number of pixels belonging to one mask before dividing by the reference value what was supposed to be the value if it were a full object for calculating the percentage. Later, the system removed the output with a percentage value less than a predefined threshold. In the following discussion, the predefined threshold was set to be either 90% or 95%. Figure 24 further illustrates the results after removing unexpected outputs below the two aforementioned thresholds. In Figure 24a , five objects were retained for the following stages, whereas the results in Figure 24b retained only three objects. Following this stage, each center point was calculated on the basis of the object's bounding box. The five red points in Figure 25 denote the center points of the objects. In this case, the object with the larger blue point was the final target after considering the relative distance with respect to the camera. This result corresponded with Figure 24a .
The next step was to map from the final target point on the RGB color image coordinate to the RGB with a depth image. The black point in the RGB with a depth image, shown in Figure 26 , was the result of blue point mapping, as displayed in Figure 25 . With normal vision, the mapping accuracy was determined to be favorable. The result indicated that the final target in this case was the back side. In Figure 27 , another example is presented in which the front side was the final target. The whole procedure in this case followed the method using a feature matching algorithm. Clearly, the mapping method worked in this case. Its performance is evaluated in the following section. Following this stage, each center point was calculated on the basis of the object's bounding box. The five red points in Figure 25 denote the center points of the objects. In this case, the object with the larger blue point was the final target after considering the relative distance with respect to the camera. This result corresponded with Figure 24a .
The next step was to map from the final target point on the RGB color image coordinate to the RGB with a depth image. The black point in the RGB with a depth image, shown in Figure 26 , was the result of blue point mapping, as displayed in Figure 25 . With normal vision, the mapping accuracy was determined to be favorable. The result indicated that the final target in this case was the back side. In Figure 27 , another example is presented in which the front side was the final target. The whole procedure in this case followed the method using a feature matching algorithm. Clearly, the mapping method worked in this case. Its performance is evaluated in the following section. To evaluate the accuracy of the proposed 3D pose estimation, the object was placed on the platform at a fixed position with respect to the robot, as shown in Figure 28 . The real two degrees of freedom platform was designed to totally fit with both the front and back sides. In line with the original intention, this platform could rotate 360° at the first joint and also rotate on the upper part. It was flexible enough to represent all possible situations for a single object in this scenario. The ground truth was easily calculated because the relative position between the platform and the base of the robot was fixed and observed using the teach pendant. By giving two joint angles of the platform, the relative position and the rotation of the target plane and target point were retrieved as the ground truth of the object with respect to the robot base. In our experiment, the performance was tested on a total of 25 cases for one side. The first joint rotated from 0° to 360° with a step size of 45 (eight cases in total). The second joint rotated 10°, 20°, and 30° relative to the ground surface at each position after the first joint had moved. The final case was a special one in which the second joint was equal to zero, which meant that the target plane was parallel to the ground surface. The results obtained for both the back and front sides are presented in Tables 4 and 5 , respectively. The mean average errors for all poses are listed in Table 6 . In addition, the system demonstrated stable performance with an overall mean translation error of less than 2.3 mm in all directions and a mean rotation error of less than 2.26° on all axes. Lin et al. [4] presented their results on the same target, where average translation and rotation errors in the three axes were less than 5.2 To evaluate the accuracy of the proposed 3D pose estimation, the object was placed on the platform at a fixed position with respect to the robot, as shown in Figure 28 . The real two degrees of freedom platform was designed to totally fit with both the front and back sides. In line with the original intention, this platform could rotate 360 • at the first joint and also rotate on the upper part. It was flexible enough to represent all possible situations for a single object in this scenario. The ground truth was easily calculated because the relative position between the platform and the base of the robot was fixed and observed using the teach pendant. By giving two joint angles of the platform, the relative position and the rotation of the target plane and target point were retrieved as the ground truth of the object with respect to the robot base. In our experiment, the performance was tested on a total of 25 cases for one side. The first joint rotated from 0 • to 360 • with a step size of 45 (eight cases in total). The second joint rotated 10 • , 20 • , and 30 • relative to the ground surface at each position after the first joint had moved. The final case was a special one in which the second joint was equal to zero, which meant that the target plane was parallel to the ground surface. To evaluate the accuracy of the proposed 3D pose estimation, the object was placed on the platform at a fixed position with respect to the robot, as shown in Figure 28 . The real two degrees of freedom platform was designed to totally fit with both the front and back sides. In line with the original intention, this platform could rotate 360° at the first joint and also rotate on the upper part. It was flexible enough to represent all possible situations for a single object in this scenario. The ground truth was easily calculated because the relative position between the platform and the base of the robot was fixed and observed using the teach pendant. By giving two joint angles of the platform, the relative position and the rotation of the target plane and target point were retrieved as the ground truth of the object with respect to the robot base. In our experiment, the performance was tested on a total of 25 cases for one side. The first joint rotated from 0° to 360° with a step size of 45 (eight cases in total). The second joint rotated 10°, 20°, and 30° relative to the ground surface at each position after the first joint had moved. The final case was a special one in which the second joint was equal to zero, which meant that the target plane was parallel to the ground surface. The results obtained for both the back and front sides are presented in Tables 4 and 5 , respectively. The mean average errors for all poses are listed in Table 6 . In addition, the system demonstrated stable performance with an overall mean translation error of less than 2.3 mm in all directions and a mean rotation error of less than 2.26° on all axes. Lin et al. [4] presented their results on the same target, where average translation and rotation errors in the three axes were less than 5.2 The results obtained for both the back and front sides are presented in Tables 4 and 5 , respectively. The mean average errors for all poses are listed in Table 6 . In addition, the system demonstrated stable performance with an overall mean translation error of less than 2.3 mm in all directions and a mean rotation error of less than 2.26 • on all axes. Lin et al. [4] presented their results on the same target, where average translation and rotation errors in the three axes were less than 5.2 mm and 3.95 • , respectively. In comparison, our average error improved by reducing average translation errors and rotation errors by 2.9 mm and 1.69 • , respectively. The real dimensions of the object used in the entire system are presented in Table 7 . For planar objects, the deviation on the x and y axes determines whether the system is good enough to perform random object picking tasks, whereas deviation on the z axis is less important because the suction pad can easily change within a certain range in the z direction. The maximum average percentage error in the result of the translation estimate was 2.15% along the x and y axes. This level of error ensured that the proposed method worked well on the planar object in the cluttered environment for random bin-picking tasks. These results demonstrated the validity of the proposed system's pose estimation module. In light of the above discussion, feature matching plays an important role if the target object is on the front side. Therefore, in the case of feature matching being mandatorily used, the proposed method for building the appropriate pose may not work correctly on planar objects with insufficient or no texture. In the future, to ensure that the system can robustly tackle textureless planar objects, a solution to replace the feature matching technique should be further investigated.
Computational Efficiency and Picking Performance
The entire system ran on an Ubuntu 16.04 platform equipped with an Intel ® Core TM i7-8700 CPU @ 3.20GHz x 12 (Intel Corporation, Santa Clara, CA, USA), 16-GB DDR4 system memory. Our graphics card was NVIDIA GeForce GTX 1080Ti (NVIDIA Corporation Santa Clara, CA, USA) with an 11-GB frame buffer memory. As indicated in Table 8 , the average total processing time was approximately 0.997 s for the front side and 0.727 s for the back side. The deep learning part clearly takes up more than half of the entire processing time: therefore, with higher computational efficiency, the total processing time would be shorter than the value given in this study. Finally, the accuracy of the random bin-picking system was verified to demonstrate the performance of the proposed system. The set-up for the experiment in which the task was to pick up objects in a cluttered environment and put them in different target positions for each side is shown in Figure 29 : the final success rate is provided in Table 9 .
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Finally, the accuracy of the random bin-picking system was verified to demonstrate the performance of the proposed system. The set-up for the experiment in which the task was to pick up objects in a cluttered environment and put them in different target positions for each side is shown in Figure 29 : the final success rate is provided in Table 9 . All of the failures were because the objects slipped away to a random direction from original positions right before the robot touched them. The probabilities of failures could be reduced if a bigger container were to be used. All of the failures were because the objects slipped away to a random direction from original positions right before the robot touched them. The probabilities of failures could be reduced if a bigger container were to be used.
Conclusions
A completed random bin-picking system for USB packs was proposed and implemented. In particular, this research introduced a robust method that can be used to perform random object picking tasks for planar objects, especially thin objects. The system also serves as a solid basis for random bin-picking tasks with other planar objects in a cluttered environment. The proposed method integrates an instance segmentation-based deep learning approach to classify and locate objects in a scene with a new approach to pick up planar objects by building an appropriate coordination system at the target point of the target object from a single target point in 2D image coordination. Impressive performance was demonstrated using the feature matching technique and the plane segmentation method when handling proper 3D pose estimation. The experimental results showed that the deep learning model could segment each instance in the scene with an average precision of 91.18% while successfully classifying two sides of the object with 100% accuracy. This was a favorable result demonstrating impressive overall accuracy. Furthermore, the proposed appropriate 3D pose estimation achieved accurate results with low average translation and rotation errors. Finally, the pickup success rate exceeded 99%, and the average processing time in each step was less than 0.9 s. Overall, the proposed method provided a stable and reliable solution for managing labor-intensive tasks, otherwise known as random bin-picking tasks, that require repetitiveness and pinpoint accuracy for unstructured and poorly constrained occlusions in heavily cluttered environments. 
